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Introduction
The energy sector is central to climate protection strategies in several countries including Germany, where it accounts for around 40 percent of total annual carbon emissions. The Intergovernmental Panel on Climate Change (IPCC) states that " [d] ecarbonizing (i.e. reducing the carbon intensity of) electricity generation is a key component of cost-effective mitigation strategies [...]" (IPCC, 2014) . Hence, understanding the effects of existing climate policies on the energy sector is crucial for the further development of policies to achieve mitigation targets efficiently.
In this study, I investigate the impact of the European Union Emissions Trading Scheme (EU ETS) on fuel efficiency of fossil fuel power plants in Germany. Furthermore, I analyse potential effects on labour efficiency, investments in machinery and utilization of power plants. The EU ETS is currently the largest cap-and-trade system for greenhouse gas emissions worldwide. It puts a price on greenhouse gas emissions from regulated installations to achieve emission reductions and to provide incentives for investments in low-carbon technologies. As the EU ETS covers multiple sectors, emission reduction efforts within the energy sector will only be undertaken if (marginal) abatement costs are relatively low compared to activities in other regulated sectors and lower than the (expected) market price of emission allowances. Fuel switching, i.e. generating electricity with fuels that are associated with lower (including zero) carbon emissions, is considered as a major option to reduce the carbon intensity of electricity generation (e.g., see the review by Hintermann et al., 2016) . However, increasing fuel efficiency may also be an important measure to simultaneously reduce cost and carbon emissions in the energy sector, as emissions are directly linked to fuel use. Hence, studying the impact of the EU ETS on the efficiency of fossil fuel power plants, i.e. choosing inputs to produce a certain output level at minimal cost, allows me to draw conclusions not only on the effect of carbon pricing on the optimal input combination in electricity generation, but also on fuel efficiency improvements as a measure to reduce carbon emissions in the energy sector.
This study employs administrative annual plant-level data from the German statistical offices on nearly all fossil fuel power plants in Germany from 2003 (Research Data Centre of the Statistical Offices Germany, 2016 . The data encompasses on average about 85 percent of fossil fuel electricity generation in Germany. 1 Germany is particularly suitable for this study because of the size of its energy sector within the EU 2 and its electricity generation structure, consisting of a variety of hard coal, lignite, nuclear, and natural gas power plants as well as renewable energy installations.
I find positive efficiency effects in fuel use, but no statistically significant labour efficiency effect.
An increase in individual carbon cost of one Euro per megawatt hour (MWh) leads on average to a reduction in fuel input by around 0.4 percent, holding the level of output fixed. To put this figure into context, at an average European Emission Allowances (EUA) cost of around six Euro per MWh of electricity and heat generation and assuming a linear effect, the introduction of the EU ETS has lead to an increase in fuel efficiency of around 2.4 percent on average. The rather small magnitude of this effect may be driven by two aspects. First, I also find a negative and statistically significant effect of the EU ETS on utilization of carbon intensive power plants. Lower utilization would be likely negatively associated with fuel efficiency. This exemplifies that the fuel efficiency effect must be interpreted as an overall net effect. Second, this magnitude suggests that rather small scale measures to improve fuel efficiency were implemented. This is consistent with the finding that the effects on investments in machinery are either statistically insignificant or of small magnitude as well as with existing case studies on the investment behaviour under the EU ETS in the German power sector (Hoffmann, 2007; Rogge et al., 2011) .
Following Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) , I model the production function in a Leontief fashion to take into account specific characteristics in the underlying production technology for electricity generation. Assuming cost-minimizing behaviour, input demand functions for fuel and labour are derived taking simultaneity of input and output choices into account (e.g. Marschak and Andrews, 1944; Griliches and Mairesse, 1995; Olley and Pakes, 1996) . This framework is used to evaluate the impact of the EU ETS on fuel and labour efficiency.
The major identification challenge is that almost all fossil fuel power plants in Germany are subject to this regulation, facing also the same carbon price. This prevents a comparison of treated and untreated plants before and after the introduction of the EU ETS to uncover the causal effect of this policy. However, the EU ETS affects fossil fuel power plants to a different extent depending on emission factors of the fuel used, individual heat rates (ratio of fuel input to generation of electricity and heat) and on the price of emission allowances. Thus, I make use of both crosssectional and time variation in treatment intensities, i.e. individual carbon cost for electricity and heat generation of plants, to identify the effect of the EU ETS on fossil fuel power plants. 3 Differences in actual measured heat rates are mainly determined by the state of technology and actual utilization of plants. The technology is determined by investment decisions, i.e. at the time of construction of the plant as well as retrofitting. Investment decisions are thereby based on expectations about development of several different factors, which may include, among others, the structure of the electricity generation sector, future demand and (fuel) cost relationships. The utilization of plants is determined by the level of demand and the plant's marginal cost compared to other (available) plants as well as its maintenance periods. Given these considerations, ETS intensities based on actual measured heat rates are very likely to be endogenous. This potential 3 In the following text, I will use treatment intensity and ETS intensity interchangeably. 2 issue is addressed by using a plant-specific measure of ex-ante exposure to carbon prices that relies on actual individual heat rates achieved on average before the introduction of the EU ETS instead of annual ETS intensities. Annual values based on this ETS Ex-Ante Exposure start from 0 Euro per MWh electricity and heat generation (before the introduction of the EU ETS), with the 90th percentile being 15 Euro per MWh for hard coal, 20 Euro per MWh for lignite, and 6 Euro per MWh for natural gas power plants, respectively. Identification relies mainly on within fuel type variation. Within fuel type variation derives from differences in actual achieved heat rates across plants and EUA price changes over time. Thereby, variation across plants of the same fuel type accounts for about 30 to 40 percent of differences in individual carbon cost, with the remaining part resulting from changes over time.
This paper is related to the literature on productivity and efficiency effects from policies and regulation in the electricity generation sector. These studies focus mainly on the effects of deregulation on productivity and efficiency (e.g. Knittel, 2002; Fabrizio et al., 2007; Craig and Savage, 2013; Gao and Van Biesebroeck, 2014) . Overall, they find some efficiency gains at different stages of deregulation, e.g. the switch from cost-of-service to incentive regulation (Knittel, 2002) and the turn to competitive markets in the United States (Fabrizio et al., 2007; Craig and Savage, 2013; Chan et al., 2017) as well as in China (Gao and Van Biesebroeck, 2014) . This study differs from these papers with respect to the nature of the influence. Deregulation alters the agents' underlying objective function, leading to efficiency changes. In the case of carbon pricing, the objective function remains the same, however, there are (at least) three possible channels through which fossil fuel power plants are affected. First, a price on carbon emissions raises opportunity costs of low heat rates and may therefore incentivize efficiency improvements. Linn et al. (2014) have illustrated this mechanism through the example of coal price changes. This reaction may also depend on (differences in) electricity market regulation as pointed out by Fowlie (2010) , who finds that deregulated power plants choose less capital-intensive mitigation measures compared to regulated or publicly owned plants in case of the US NO x Budget Program. Second, carbon pricing may introduce an additional burden to producers by influencing optimal input combinations. This in turn can lead to negative productivity effects (Gollop and Roberts, 1983) or to higher marginal and total cost (Førsund and Granderson, 2013) as in the case of sulphur dioxide emission regulations. More recently, Zhou and Huang (2016) investigate the effect of the Regional Greenhouse Gas Initiative (RGGI) in the United States on the technical efficiency of power plants. Although they do not find a direct effect of carbon pricing on technical efficiency of regulated power plants, they investigate possible spillover effects on unregulated power plants and find a negative effect. Third, there is evidence that fossil fuel power plants experienced windfall profits from free allocation of emission 3 allowances and carbon cost pass-through under the EU ETS (e.g. Sijm et al., 2006) . Modelling results from Pahle et al. (2011) suggest that this could have an effect on investment. 4 Which of these effects prevail and the size of the resulting net effect of carbon pricing on fuel efficiency are ultimately empirical questions. To tackle these, I analyse the experiences made in an actual introduction of carbon pricing, using administrative micro data on fossil fuel power plants.
Despite a relatively large literature of (ex ante) simulation studies, analyses based on aggregate data, or qualitative studies, the empirical literature based on micro data investigating the effect of the EU ETS in the energy sector is still scarce (McGuiness and Ellerman, 2008; Linden et al., 2013; Chan et al., 2013; Yu, 2013) . 5 The small number is mainly due to two reasons: lack of detailed micro data and issues in constructing a reasonable counterfactual situation (see e.g. Martin et al., 2016, for a recent review). My paper contributes to this strand of literature addressing both challenges.
First, data before the introduction of the EU ETS, especially on fuel input and carbon emissions, is often not available. 6 The data set used in this analysis offers two years of data before the start of the EU ETS in 2005. This allows me to observe power plants before the start of the treatment and use actual measured pre-treatment heat rates in my identification strategy. Thus, it enables me to better isolate the effects actually caused by the EU ETS from other influences. 7 Second and related to the first issue, this paper circumvents the problem of having almost no untreated group of plants in the energy sector by using differences in plant's (ex-ante) treatment intensity for identification. Although this approach to identify effects of comprehensive policies (covering almost all agents in an economy) is in general not new (e.g. Mian and Sufi, 2012) , it has not been applied to the energy sector and to the analysis of the EU ETS yet.
The paper is structured as follows: Institutional details on the EU ETS and fossil fuel power plants in Germany are provided in Section 2. Section 3 outlines the empirical model and identification strategy. The data is described in Section 4. Section 5 presents the results and Section 6 concludes.
The EU ETS and Fossil Power Plants

Institutional Background
In 1997, emission reduction targets for the EU were formulated within the Kyoto Protocol.
The EU decided to introduce a cap-and-trade system to achieve parts of its obligations (see e.g. in the EU Green Paper published in March 2000). Within a cap-and-trade system, an overall cap on 4 Windfall profits may be one reason for different results compared to Adair et al. (2014) . They find that compliance costs for air regulation crowds out investment in heat rates improvements. 5 Additionally, there are studies that focus on a variety of sectors, including but not dealing explicitly with the energy sector (e.g. Commins et al., 2011; Löfgren et al., 2013; Jaraite and Di Maria, 2016) . 6 Jaraite and Di Maria (2016), Petrick and Wagner (2014) , Löschel et al. (2016) and Lutz (2016) are recent exceptions, where the last three focus solely on the manufacturing sector. 7 Although, it would have been desirable to include even more pre-treatment years, this data is not available. 
Power Plants in the EU ETS
In electricity generation, several technologies with different characteristics are employed. Given that electricity cannot be stored economically on a large-scale, supply must always equal demand.
Since demand is rather inelastic in the short-run, but varies over time (e.g. hour of day and season), supply has to adjust accordingly. This cannot be fulfilled by a single available technology at leastcost, calling for a mix of several generation technologies with different fixed and variable costs. The employed technologies also differ along other dimensions: in particular, the fuel that is used for electricity generation, and heat rates, which are mainly determined by the underlying technology and vintage. 9 This has implications for the emission intensity of the electricity generation, which varies over individual plants by heat rate and the fuel's carbon content. electricity produced in energy units with one energy unit of fuel used -of around 50 percent, whereas hard coal fired power plants achieve on average an efficiency rate of around 40 percent (UBA, 2013) . But individual heat rates vary among the specifically used technologies. For example, the efficiency rate for a gas-fired power plant is also dependent on whether it is a gas turbine (with a typical efficiency rate of about 40 percent) or a combined cycle gas turbine (CCGT), which additionally uses the waste heat and achieves efficiency rates up to 60 percent. Generated electricity can be sold either at the wholesale market (day-ahead or forward) or via bilateral trade agreements. 11 The day-ahead wholesale market is widely regarded as a reference for other products (e.g. forward wholesale contracts or bilateral agreements). In this market, plant owners submit hourly supply curves with prices and quantities. The individual bids are aggregated at the market level, with each plant being placed within a merit-order according to its bid. In a uniform price auction, the market price is determined by the intersection of supply and demand.
The individual bidding behaviour 12 and the question whether liberalized wholesale electricity is a competitive or non-competitive market is under ongoing discussion. In a competitive market, plants would act as price-takers, placing bids at their individual marginal cost and would only want to produce electricity whenever the market price was higher than or equal to their marginal cost. When plants do not behave competitively, they try to influence the market price (e.g. by withholding capacity at a price that lies above or equal to their marginal cost). The popular noncompetitive models for electricity generation are Cournot (e.g. Bushnell et al., 2008) or Supply Function Competition (e.g. Klemperer and Meyer, 1989; Green and Newbery, 1992) . In Germany, installed electricity generation capacity is concentrated to a certain degree: the four largest companies had a share of 58 percent in the German-Austrian market in 2012 (Monopolkommission, 2013) . This has raised concerns of potential non-competitive behaviour. The existing evidence of market power in the German wholesale electricity market is, however, inconclusive and at least suggests that behaviour is not stable over time. Müsgens (2006) and neither do Graf and Wozabal (2013) for the period from 2007 to 2010. 10 The data used in this paragraph stems from the German Federal Ministry for Economic Affairs and Energy (BMWi, 2016) . 11 This applies mainly for electricity generated by conventional power plants. Electricity from renewable energy sources under regulation of the Renewable Energy Sources Act are mainly enjoying priority access to the grid and are paid a fixed-price per generated unit of electricity (feed-in tariff) or a feed-in premium for a certain time period. 12 In the case, in which actual production decisions are made on a higher level (e.g. company), plants do only have to supply the amount of electricity that is called by the company.
With the introduction of the EU ETS, regulated power plants, which are mainly fossil fuel power plants, are obliged to hand in emission certificates of an amount equivalent to their annual carbon emissions. The emission certificates stem either from free allocation, auctioning, or can be bought on the secondary market. The EU ETS is expected to impact fossil fuel power plants by raising marginal production cost and generating windfall profits due to cost pass-through and free allocation of emission certificates. 13 Introducing a carbon price means that emission is now costly for the plant (even if the emission certificate is allocated for free to the power plant, it represents an opportunity cost) and thus, the carbon content in the fuel raises input costs for fuel. Dependent on the emission intensity of the fuel used for electricity generation, this additional cost can be significant as it is shown in Figure 1 based on data from BAFA (2015a; 2015b), UBA (2013) and from the European Energy Exchange (EEX). Under marginal cost pricing, emission costs are expected to be completely incorporated in the power plants' bids, leading to an emission cost pass-through onto the electricity price. However, demand reactions and non-competitive behaviour could also lead to an incomplete pass-through of emission costs. The empirical literature on cost pass-through of emission costs within the EU ETS to wholesale electricity prices in Germany suggests that emission cost are almost completely incorporated in the bids and passed onto the electricity price. An early study by Sijm et al. (2008) finds incomplete pass-through rates. While these estimates depend on the relationship between electricity prices and input prices, it is marginal input cost that matters for cost passthrough, i.e. taking into account the marginal plant's emission intensity in addition to carbon prices 13 Another impact of the introduction of the EU ETS is the trading of emission certificates. However, since this is mainly done at the company level (e.g. Heindl and Lutz, 2012 ) and the energy sector is in general experienced with (commodity) trading, I abstract from this issue in the following. (Hintermann, 2017; Fabra and Reguant, 2014) . k Hintermann (2017) The EU ETS might not only affect individual operational decisions but also investment decisions. These include market entry, i.e. building a new power plant and deciding on size (capacity) and technology (heat rate and fuel type), but also investments in existing plants. For example, heat rate improvements may be incentivized by raising opportunity costs of inefficient fuel use, which may be similar to coal price shocks as investigated by Linn et al. (2014) . Seifert et al. (2016) find potential for technical efficiency improvements for power plants in Germany. It has been pointed out that the electricity sector incurred windfall profits due to cost pass-through and free allocation (Sijm et al., 2006) . Indeed, Chan et al. (2013) find an increase in revenues during 2005 to 2009 after the introduction of the EU ETS. These financial gains may themselves have an effect on investment decisions (Pahle et al., 2011) . However, case studies on the investment behaviour within the German power sector suggest that the influence of the EU ETS may be limited to small-scale investments (e.g. Hoffmann, 2007; Rogge et al., 2011) . Löfgren et al. (2013) do not find evidence for an impact of the EU ETS on firm investments in manufacturing and the energy sector in Sweden. 
Empirical Model
Input Demand Functions in Power Generation
Productivity and efficiency in the power generation sector has received attention in the economic literature before. When it comes to methodology, different approaches exist in the literature. These differ in particular concerning short-run substitution possibilities between fuel use and other input factors, such as capital and labour. On the one hand, this substitution can be included by using a "flexible" functional form for the production function (e.g. Knittel, 2002) . On the other hand, Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) bring forward the idea of a Leontief production function, assuming no substitution between fuel use and other input factors in the short run. They argue that this is a suitable representation of the relationship between physical inputs and outputs in electricity generation. Electricity cannot be stored economically to a large extent, hence supply and demand have to meet at every point in time. This means that a plant's actual production might not always match its potential generation capacity, but depends on the level of residual demand for the respective power plant. Residual demand for the individual plant is determined by overall demand realizations and the structure of the merit-order at each point in time. Fuel input depends on actual generation decisions, whereas labour and capital are predetermined and adjusted to so-called planned or probable output. This approach abstracts from the question whether competitive or non-competitive behaviour prevails but relies on the assumption of cost minimization, which should be independent of the (non-)price-taking behaviour in a "nonregulated" environment (see e.g. Borenstein, 2000) .
Given these arguments, I follow the approach of Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) and assume a Leontief production function in electricity generation:
where Q A is actual and Q P is planned or probable output, which is a function of labour input L and capital input K. 14 The difference between planned and actual output is determined by a utilization shock ω A . In the second expression, actual output is determined by fuel input E and an individual-and time-specific term ϕ, which captures for instance differences across plant technologies or changes in technology over time. Integrating ϕ explicitly in the model is a deviation from the function specified in Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) to illustrate a potential margin for differences in fuel input across time and plants.
14 Subscripts for plants and years are dropped for notational convenience within this subsection.
Plants minimize cost to produce probable output Q P by choosing labour L and capital input K subject to a CES production function as in Gao and Van Biesebroeck (2014) , as well as acknowledging price of capital R and wage W :
Including capital input K and excluding non-fuel expenses as choice variables in the cost minimization framework are other deviations from Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) . Whereas the first allows to investigate potentially the role of investments, the impact on non-fuel expenses cannot be analysed as this data is not available.
Solving this problem leads to the following first order condition for labour input:
where λ is the Lagrange multiplier, ν is a parameter related to returns to scale and 1/(1 − ρ) is the elasticity of substitution. As actual output equals planned output times the utilization shock, rearranging, substituting probable with actual output, and taking the natural logarithm, leads to the following labour input demand function:
where β q = (ν − ρ)/(ν (1 − ρ)), β w = −1/(1 − ρ) and υ l is a residual capturing, among other things, idiosyncratic productivity effects and individual utilization shocks.
As Q P (K, L) exp ω A = F (E, ϕ) holds in the optimum, for the derivation of the fuel input demand function, the second part of Equation 1 can be inverted and assuming a log-linear relationship written in natural logarithms as:
with υ e being the residual of the fuel input demand function, analogously to the labour input demand function. Furthermore, ϕ is also subsumed in this residual term.
ETS Intensity and Input Demand
This framework is used to evaluate the impact of the EU ETS on fuel efficiency of fossil fuel power plants in Germany, i.e. the effect on fuel input given generation output under cost minimization. Furthermore, this framework also allows me to investigate potential effects on labour efficiency. Almost all fossil fuel power plants in Germany are subject to the EU ETS and face the same European-wide carbon price. 15 This prevents a clear distinction between treated and untreated power plants before and after the introduction of the EU ETS. Despite this fact, the actual exposure to the EU ETS differs by plant. Thus, I make use of differences in treatment intensity to identify the effect of the EU ETS on fossil fuel power plants. Assignment of these intensities are, however, not random but dependent on the plant's emission factor, the individual heat rate and the price of emission allowances. This highlights that not only cross-sectional differences between plants exist, but also that intensities may vary over time due to changes in carbon prices and individual heat rates. ETS intensity is thereby defined as:
where T I it is the treatment or ETS intensity of plant i in period t, P CO2,t is the price of emission allowances in period t in Euro per ton CO 2 , η it is the heat rate of plant i in period t in MWh thermal per MWh electric and σ k is the emission factor of plant i in ton CO 2 per MWh thermal, varying with fuel type k. Thus, the ETS intensity is expressed in Euro per MWh electricity and heat generation, varying over plants and years.
To investigate how input efficiency changes with the introduction of the EU ETS, the input demand functions are augmented by the ETS intensity. Whereas fuel input is assumed to be a flexible input factor and as such varies with current ETS intensity, labour input is assumed to be pre-determined and adjusted with respect to probable output. Hence, expectations on ETS intensity at the time may influence probable output and hence, may matter for labour input instead of actual ETS intensity. Since expectations are not observable, I use the year-ahead forward prices in the previous year as a proxy in the empirical model. 16
Furthermore, to capture time-constant individual differences across plants as well as changes over time in general market conditions (such as the rising share of renewable electricity and changes in demand levels), I include individual and time fixed effects.
The EUA price may provide similar incentives as fuel price changes (see e.g. Linn et al., 2014, for an example for coal prices). Thus, one might be worried that some potential fuel efficiency improvements are actually due to changes in fuel prices and might be falsely attributed to the introduction of the EU ETS. However, variation in fuel prices may be less pronounced than the change in marginal cost by introduction of the EU ETS. Nonetheless, to address these concerns, I
include a measure of effective fuel prices (F P ) similar to the ETS intensity by multiplying heat rates by the respective fuel prices for natural gas, hard coal and lignite in the fuel input demand equation.
15 I do not observe which power plants are subject to EU ETS regulation since data on rated thermal input is not available. The results are robust to a sample with a minimum capacity of 20 MW electric. This should exclude all power plants that do not participate in the EU ETS.
Thus, the empirical model to be estimated for fuel e and labour l input demand, respectively, becomes:
The main parameters of interest are α ET S and β ET S . An increase in carbon cost of one Euro per MWh electricity and heat generation leads to a change in input demand by (α ET S * 100) percent and (β ET S * 100) percent, respectively, holding the level of output fixed. The assumption underlying this approach is that the EU ETS's impact is additive in the log-linear relationship and thus, leads to a shift in the underlying technology, i.e. the relationship between fuel input and electricity and heat output. Although this structure is the same as in Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014) , the "implicit null hypothesis" (Fabrizio et al., 2007) is different: Whereas the efficiency effects found in these studies stem from deviations from cost minimization behaviour before deregulation, in this study, it is a change in the underlying technology, e.g. resulting from changes in utilization, actual investments in technology, or other measures to improve fuel efficiency in response to the EU ETS.
Identification Challenges and Empirical Strategy
To obtain valid estimates of the parameters for the EU ETS effect on fuel use (α ET S ) and labour input (β ET S ), several challenges must be addressed. Due to simultaneous choice of inputs and outputs, it has been pointed out that the parameter estimates in a production function suffer from a simultaneity bias preventing identification (e.g. Marschak and Andrews, 1944; Griliches and Mairesse, 1995) . One reason could be idiosyncratic productivity shocks that may influence input and output choice, but are in general unobserved by the econometrican (e.g. Olley and Pakes, 1996) . These issues must also be confronted in an input demand function approach (Fabrizio et al., 2007; Gao and Van Biesebroeck, 2014) . Neglecting this simultaneity bias would lead to inconsistent estimates of the respective parameters for output (α q and β q ).
Furthermore, the assignment of different intensities is not random but depends on carbon prices, emission factors, and individual heat rates. Whereas carbon prices and emission factors may be exogenous to the individual plant 17 , its heat rate is likely to be endogenous as the underlying technology is (at least in the long run) a choice variable and can be influenced by investment decisions. A price on carbon emissions represents a cost shock to the individual plant that may have a similar impact as a shock in fuel prices. For coal power plants, Linn et al. (2014) show a positive relationship between the individual heat rate and the coal price. Thus, carbon pricing may provide incentives to invest in heat rates. A further caveat stems from the fact that I do not observe maximum potential heat rates but only actual measured heat rates. Thus, a further important issue is the simultaneous determination of utilization and the observable heat rate. The introduction of the EU ETS and a positive carbon price might affect the plant's place in the merit-order and hence, its utilization which in turn has consequences for its actual attainable heat rate.
I make use of two empirical strategies to confront these challenges and provide robust estimates of the effect of the EU ETS. First, the potential endogeneity of output is addressed by an instrumental variable approach following Fabrizio et al. (2007) and Gao and Van Biesebroeck (2014 Competitor's output may be potentially endogenous if defined as total output of all plants minus production of this plant. In this case, output of plants with higher marginal cost would be included in this measure, although those plant's are likely to be affected by idiosyncratic productivity shocks of the respective plant. However, if only the output of competitors with a higher capacity factor is included, this variable may approximate the position in the merit-order and creates additional variation across plants due to different capacity factors. In addition to that, it has been pointed out that lagged individual values could be potential instruments in the context of production function estimation (e.g. Aguirregabiria, 2009; Alonso-Borrego, 2010) . This approach rests on the implicit assumption of no serial correlation of productivity shocks. Transferring this assumption to the input demand framework, lagged individual output might not be correlated with idiosyncratic productivity shocks in the current year, but may hint at the plant's general place in the merit-order and thus, have explanatory power for current output.
Second, in order to tackle the potential endogeneity of individual heat rates in the ETS intensity as well as in the effective fuel price variable, I construct a measure of ex-ante exposure that relies on average actual achieved heat rates before the introduction of the EU ETS. Thus, ETS Ex-Ante Exposure (EAE) is defined as the product of the carbon price in period t, emission factor of fuel type k and the average heat rate in 2003 and 2004 for plant i:
For In Figure 2 , the annual investment in machinery in the sample varies more than annual ag- The descriptive statistics offered in Table 1, Table 2 and Table 3 illustrate remarkable variation across observations. Looking at statistics divided by fuel types suggests that a large part of this variation originates from differences across the different fuel types. Hard coal and lignite power plants are in general larger and invest more in machinery than natural gas power plants. As lignite plants are supposed to be baseload plants, i.e. power plants that provide continuous supply over the year, they are expected to have the highest capacity factor compared to hard coal and natural gas. This is also reflected in the descriptive statistics. While hard coal and natural gas have comparable average capacity factors, the variation within natural gas plants appears to be higher.
This may reflect the larger heterogeneity of technology used by natural gas plants, ranging from rather simple gas turbines to combined-cycle plants.
21 NACE is the "Statistical Classification of Economic Activities in the European Community" and similar to the SIC ("Standard Industrial Classification"). One drawback of this dataset is that only the main fuel type of the plant is observed, although The sample with information on labour input represents 60 percent of electricity production of the full sample. It also differs along other dimensions. Plants with information on labour input are on average larger (capacity as well as electricity and heat generation) and have a higher ETS Ex-Ante Exposure. Average heat rates are, however, rather similar compared to the full sample.
Given these differences, I re-estimate as a robustness check the fuel input demand equation only for plants that are reporting in both data sets. In addition to that, it appears that there are some inconsistencies in the reported values as some heat rates would imply efficiency rates (the inverse of the heat rate) larger than 100 percent. This would violate the law of conservation of energy in physics as this would imply more energy after the conversion of fuel into electricity. In order to address this issue, I trim the data set based on heat rate values by the lower and upper 2.5 percent in the reference specification. The lower solid line of the box in Figure 3 shows the first quartile of the ETS Ex-Ante Exposure, whereas the middle solid line depicts the median and the upper solid line the third quartile. The bottom dashed line depicts the 10th percentile, whereas the upper dashed line shows the 90th percentile. 23 The exposure measured in Euro per MWh electricity and heat generation varies substantially over time, which is due to changes in emission certificate prices. Dividing the ETS Ex-Ante Exposure by fuel type illustrates that the overall within year variation is not exclusively due to differences in emission intensity of fuels, but also that the exposure varies across plants of the same fuel type within a given year. This exemplifies the importance of differences in heat rates of individual plants for the ex-ante exposure of plants to the EU ETS. In the empirical model, the identification of the effect of the EU ETS on within plant variation in input demand derives mainly from within fuel type variation in ETS Ex-Ante Exposure.
The within fuel type variation comes from two sources: changes in the EUA price over time and 
Results
Average Effects on Fuel and Labour Efficiency
The first two columns of Table 4 depict the estimates of parameter α ET S in Equation 7, whereas columns (3) and (4) present the parameter estimates of β ET S in Equation 8, with ETS intensity (T I) replaced by ETS Ex-Ante Exposure (EAE) and effective fuel prices (F P ) by Fuel Price Ex-Ante Exposure (F P EAE), respectively. For each dependent variable, fuel input or labour input, two different specifications are estimated. In columns (1) and (3) the twice-lagged variables of electricity and heat generation are used as instrumental variables for plant output (L.q). The models are estimated using forward orthogonal deviation transformations to account for individual fixed effects (Arellano and Bover, 1995) . In columns (2) and (4), the output of competitors with a higher capacity factor is used as an instrument (C.q), and within transformations are employed to address individual fixed effects. A set of year dummy variables are included in each specification to control for time fixed effects.
The first stage F-Statistic is larger than the 10 percent Stock-Yogo critical values in the specifications with competitors' output and thus, lending support to the relevance of the instrument.
The Arellano-Bond test and the Hansen test both hint at the validity of twice-lagged output as instruments for individual output.
23
Dependent Variable:
(1) ln(fuel) (2) ln(fuel) (3) ln(labour) (4) (3) and (4), wages and available capacity (capital) are additional explanatory variables. Heat rate values are trimmed at 2.5/97.5 percent level. The first and the third columns refer to two-step difference GMM estimation using forward orthogonal deviation transformations. Standard errors are in parentheses and clustered at the plant level. * p < 0.10, ** p < 0.05, *** p < 0.01. The average effect in Table 4 Concerning the labour input demand equation, none of the parameter estimates for the ETS Ex-Ante Exposure are statistically significant. Thus, there is no evidence that the introduction of the EU ETS had an impact on labour efficiency on average.
Besides average effects over all plants, the size of the effects for individual plants may vary by main fuel type, size or age. However, I find no evidence of heterogeneous effects with respect to different fuel types and age categories for neither fuel nor labour efficiency. For larger power plants, however, the fuel efficiency effects seem to be somewhat smaller. 24 This could be an indication that large power plants are maybe already quite efficient and that there are less small-scale measures for improvements left that could be implemented.
24
The corresponding results as well as the definition of the categories can be found in the appendix.
Robustness Checks for Average Fuel Efficiency Results
I do various robustness checks for the fuel input demand equation to assess potential remaining concerns and challenges with the estimation strategy and the underlying data. Heat rate values are trimmed at 2.5/97.5 percent level. The first two columns refer to two-step difference GMM estimation using forward orthogonal deviation transformations. Standard errors are in parentheses and clustered at the plant level. * p < 0.10, ** p < 0.05, *** p < 0.01. Third, the energy industry in general but especially in Germany is undergoing significant changes in recent years. One aspect is the increasing share of electricity generated by renewable energy technologies. These technologies may have a significant impact on the energy system as a whole but also on individual plant efficiencies due to effects on ramping needs (see e.g. Graf and Marcantonini, 2016) . To investigate potential confounding effects I restrict the time period up until 2010 before the large increases in renewable capacity, especially, wind and solar PV took place. I find positive efficiency effects with a larger magnitude for the specification using competitor output as an instrument, but no effect in the specification with twice lagged individual output as instrument.
Fourth, almost all fossil fuel power plants in Germany are subject to the EU ETS. However, I
cannot identify the few plants that are not regulated under the EU ETS since rated thermal input (the ETS exclusion criterion) cannot be observed in the data. Thus, I may treat some plants as being regulated even though they are not. To assess the size of this potential bias, I estimate a specification that only includes plants with an electric capacity of more than 20 MW. This threshold should be large enough to exclude any unregulated plants. The findings hold also for these "larger"
plants, suggesting that the potential bias is small. and fuel input and invest more in machinery. However, the composition of power plants with respect to the main fuel type is similar for single and multiple generating unit power plants.
Investment and Utilization
To investigate possible channels through which the identified effects work, I analyse two different variables that may be affected by the introduction of the EU ETS, namely investment in machinery and utilization (expressed as the capacity factor). I again use variation in ETS Ex-Ante Exposure for identification and both equations include the Fuel Price Ex-Ante Exposure. Thus, the model that I estimate is as follows:
where Y it is investment in machinery or capacity factor, respectively, of plant i at time t.
Although observed investment in machinery may be more accurate to use than observed total investment, it does not only contain actual investment in generation units but also includes expenses for office and business equipment. Such expenditures may also be reflected in the investment data, which is not as lumpy as might be expected and contains positive values for almost all observations.
To uncover actual investment in generation facilities, I distinguish between these different types of investment by normalizing the investment amount by the plant's individual capacity. The kernel density estimate shown in Figure 6 reveals a bimodal empirical distribution of investments in machinery normalized by the plant's capacity in MW and transformed by the natural logarithm. Given this distribution, I assume that investment amounts up to 10 (which is around 22,026
Euro per MW and is approximately at the end of the first hump) are only minor investments, which do not influence fuel efficiency. Consequently, I set investments in machinery that qualify as such minor investments equal to zero within an additional specification (column 3 in Table 6 ). As can be seen in Table 6 , ETS Ex-Ante Exposure does not appear to have a statistically significant effect on the level of investment in machinery or only a small positive effect of around three percent on larger investments. ETS Ex-Ante Exposure leads to a reduction in the individual capacity factor (utilization). This is consistent with carbon intensive plants experiencing a steeper increase in their generation cost compared to less carbon intensive plants. This increase is apparently large enough to induce a change in the merit-order. This is in line with Cullen and Mansur (2017) , who find that low natural gas prices induced by "Shale Revolution" in the US lead to emission reductions in the US electricity market and present evidence that this observation is consistent with fuel switching from coal to natural gas power plants.
Overall, the findings suggest that the fuel efficiency effects stem mainly from shifts in utilization, i.e. among plants in the merit order based on their carbon intensity, and within plant optimization.
Furthermore, there is (weak) evidence for a modest increase in investments into machinery, from which fuel efficiency improvements may also originate.
Conclusion
Understanding the impacts on regulated entities is crucial for the assessment and the further development of mitigation policies such as emission trading schemes. The introduction of the EU ETS in 2005 marks the start of the largest cap-and-trade system for greenhouse gas emissions worldwide. In this paper I use the introduction of this policy to contribute to the still scarce empirical literature based on micro data on the effects of carbon pricing on power plants. Given the high share of fuel-related cost in total cost in power generation, the introduction of a carbon price may provide carbon intensive power plants an incentive to improve fuel efficiency. I investigate the impact of the EU ETS on fossil fuel power plants in Germany using administrative plant level data. Thereby, I use variation in carbon cost induced by the introduction of the EU ETS in 2005 and the differential exposure of power plants to carbon prices for identification.
The estimated effects suggest that at average carbon cost of around six Euro per MWh electricity and heat generation, the EU ETS decreases fuel input by around 2.4 percent, while holding output fixed. At an annual fuel input of 750 terawatt hour (TWh) and annual carbon emissions of around 290 million tonnes in hard coal, lignite and natural gas power plants 25 , on average this decrease in fuel input is equivalent to a reduction of around seven million tonnes in annual carbon emissions, using the average emission intensity of fossil fuel use in Germany in 2012. The results on fuel efficiency are robust to several specifications. However, one specification, using only single unit generators, suggests that the effects might be driven by power plants with multiple generating units. Nevertheless, it remains unclear whether this means that the effects are originating from adjustments by within-plant optimization among different generation units or whether it is due to (unobservable) structural differences between single and multi generation unit power plants.
Furthermore, given the rather small magnitude of effects, the results hint at the implementation of small-scale and maybe less-capital intensive measures to improve fuel efficiency. This is in line with the findings of either statistically insignificant or small positive effects on investments in machinery. Another possible driver of fuel efficiency is the change in utilization. I find that the ETS negatively impacts the capacity factor, i.e. carbon intensive plants produce less heat and electricity in relation to their potential output compared to less carbon intensive plants. Thus, the small effect should be interpreted as a positive net effect on fuel efficiency, exceeding the potential counteracting negative fuel efficiency effect from decreased utilization of carbon intensive power plants.
Given the empirical framework, I concentrate on the short term reaction to carbon prices. I assume that within each period capital (and thereby investment) or labour cannot be substituted for fuel input. The introduction of a carbon price leads to a change in relative input prices.
If short-run substitution between fuel and labour were important in this context, this should also have impacted labour demand. Hence, the statistically insignificant effect of the EU ETS on labour input lends support to the assumptions underlying the Leontief approach. The role of substitution between capital and fuel use, e.g. by investing in newer technology to improve heat rates, may be a more prominent driver for fuel efficiency gains in the long run. However, I do not find evidence that the EU ETS has triggered large investments in machinery even seven years after its introduction.
For the years after 2012, carbon prices have remained low compared to prices in the period of this study, making it even less likely that adequate incentives may have prevailed to invest in new technology for fuel efficiency improvements.
25 These calculations are based on data from UBA (2013).
Appendix A Heterogeneous Effects on Fuel and Labour Efficiency
While there are three categories available for fuel types (i.e. hard coal, lignite and natural gas), I define size and age categories to allow for non-linear effects. The categories are in line with the empirical distribution and are divided as follows: small (<10 MW), medium (10 to <80 MW), large (80 to <400 MW) and huge (≥400 MW) for the size as well as new (< 10 years), young (≥ 10 to < 20 years), medium (≥ 20 to < 40 years) and old (≥ 40 years) for age. The different categories for fuel types and size classes are interacted with the variable of the ETS Ex-Ante Exposure, respectively.
The effects of the EU ETS on fuel efficiency seems to be quite homogeneous with respect to the main categories, expect for power plants larger than 80 MW (categories "large" and "huge"). For these power plants, the fuel efficiency effect of the ETS Ex-Ante Exposure seems to be somewhat lower in magnitude. As in the case of the average effect in almost all specifications the heterogeneous effects of the ETS Ex-Ante Exposure on labour input is not statistically significant.
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(1) ln(fuel) (2) ln(fuel) (3) ln(labour) (4) (4), wages and available capacity (capital) are additional explanatory variables. Heat rate values are trimmed at 2.5/97.5 percent level. The first column refer to two-step difference GMM estimation using forward orthogonal deviation transformations. Standard errors are in parentheses and clustered at the plant level. Size categories are small (<10 MW), medium (10 -<80 MW), large (80 -<400 MW) and huge (400 MW and more). Age categories are new (<10 years), young (10 -<20 years), medium (20 -<40 years) and old (40 years and more). * p < 0.10, ** p < 0.05, *** p < 0.01. 
